In the airborne passive radar system, space-time adaptive processing (STAP) employs the reference signal for clutter covariance matrix estimation. However, the clutter caused by the multipath signals involved in the reference channel (MP clutter) can corrupt the estimated covariance matrix. When the target under detection and the MP clutter have the same Doppler frequencies and spatial frequencies, the STAP would mistake the target as clutter and target detection performance would degrade. To cope with this problem, a novel cascaded clutter suppression method is proposed. In the proposed algorithm, based on the sparsity of the MP clutter in the range-Doppler domain, the cost function with a sparse constraint is first introduced. Then, an l 1 -based recursive least squares algorithm is used to solve the resulting optimization problem, and MP clutter can be eliminated by the derived weight vector. Finally, the residual clutter is suppressed by the existing STAP algorithm. A range of simulations demonstrates that the proposed algorithm has superior performance in the presence of a contaminated reference signal.
I. INTRODUCTION
Passive radar exploits existing non-cooperative sources as illuminators of opportunity [1] - [7] , which has the advantages of relative simplicity, reduced pollution of the electromagnetic environment and covert surveillance over traditional active radar [3] , [4] . In recent years, benefiting from the development and maturity of passive radar technology, more and more researchers have begun to explore the probability of applying the passive radar technology to an airborne receiver platform, i.e., airborne passive radar. The elevated position of the receiver offers additional advantages including reduced terrain masking effect and increased target detection range [8] , [9] . However, owing to the motion of the receiver platform, the stationary ground clutter is spread over a region in Doppler frequency. Thus, the clutter is generally difficult to suppress using a conventional one-dimensional filter [10] , [11] .
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Space-time adaptive processing (STAP) is a crucial technique for airborne passive radar to suppress ground clutter. By collecting data using multiple spatial channels across a sequence of temporal pulses, STAP can achieve clutter suppression and improve target detection [12] , [13] . Unfortunately, traditional STAP method works well only in the case of abundant independent and identically distributed (IID) training snapshots. If the number of qualified training samples is deficient, the clutter cancellation performance will degrade seriously. Many algorithms have been proposed to overcome this limitation. Reduced-dimension STAP algorithms, such as joint-domain localization (JDL) [14] and auxiliary channel processor (ACR) [15] , and reduced-rank STAP algorithms, such as multistage Wiener filter (MWF) [16] and subspace technique (ST) [17] , can reduce the number of IID training snapshots to twice of the reduced dimension or twice of the clutter rank. More recently, sparse representation (SR) technique has been applied to STAP [18] - [21] , i.e., SR-STAP. The core idea of SR-STAP is to reconstruct the clutter covariance matrix using as few space-time steering vectors as possible [18] . Compared with the traditional STAP algorithms, SR-STAP algorithms can obtain significant suppression performance and provide high-resolution imagery in real non-stationary and heterogeneous environments. Under the assumption that the reference signal used to matched filtering (range correlation) is pure or that undesirable components involved in the reference signal are neglected, these methods can be used by airborne passive radar to suppress clutter effectively with a reduced number of training snapshots [22] , [23] . However, such assumptions may not be valid in practice and the reference signal is inevitably contaminated by multipath signals.
Limited open literatures have been discussed this problem [24] , [25] . In their work, the impact of a contaminated reference signal is analyzed, and the methods for eliminating this effect are developed. However, these two methods are discussed in the traditional static passive radar system, but not in airborne passive radar system. This paper examines the problem that reference channel is contaminated by multipath signals in airborne passive radar system. The analysis shows that, after the matched filtering of the scatterers echoes with the reference signal, the clutter snapshot can be classified into two parts. The first part is the output sample of these echoes with direct path signal, and the second part is that with the multipath signals. We call these two clutter components as DP clutter and MP clutter in what follows. Unlike the case of a pure reference signal, both the MP clutter and DP clutter need to be suppressed to achieve the moving target detection. However, simultaneous method (SM), which applies existing STAP algorithms to simultaneously suppress these two clutter components, requires more space-time degrees of freedom than cancelling DP clutter alone [13] . What's worse, when the target under detection and the MP clutter have the same Doppler frequencies and spatial frequencies, SM will not improve the detection performance. To address these problems, a novel cascaded method (CM) is proposed.
In the proposed method, the cost function with a sparse constraint is detailed by exploiting the sparsity of MP clutter in the range-Doppler domain. Then, the adaptive weight vector is derived to suppress MP clutter, and the conventional DP clutter suppression is achieved by STAP algorithm. Simulation results illustrate the effectiveness of the proposed CM.
The remaining of this paper is organized as follows. The signal model considering a contaminated reference signal is introduced in section 2. In section 3, the proposed CM is derived. The performance of the proposed method is compared with SM through a range of simulations in section 4. Relevant summary and conclusions are given in section 5.
II. SIGNAL MODEL AND PROBLEM STATEMENT A. SCATTERER MODEL
The system being tested is the airborne passive radar utilizing a ground-based non-cooperative transmitter of opportunity, as shown in Fig.1 . The airborne platform is at altitude H R with constant moving velocity v R . The reference channel, which is one antenna toward the direction of the transmitter, receives the reference signal. The measurement signal is received by a uniform linear array, which consists of N elements with halfwavelength spacing and respective receiving channel. The transmitter carrier frequency is f c = c λ, where c is the propagation velocity and λ is the wavelength. The angle φ refers to the angle of arrival. The noise-like continuous wave signals received within the coherent processing interval (CPI) are segmented as M equivalent pulses with the equivalent constant pulse repetition interval (PRI) T r . For each equivalent PRI, fast time samples L = T r f s are collected to cover the detection region where f s is complex sampling rate.
Considering the influence of multipath signals embodied in the reference channel, the baseband reference signal is given by
where u m (t) is the complex modulating function of the mth equivalent pulse; α d and f d are the complex amplitude and Doppler frequency of the direct path signal, respectively; To develop the space-time snapshot models for the received passive signal, a single discrete point scatterer is first analyzed. And the baseband echo signal of ith scatterer at the nth antenna element can be represented as
where l denotes the lth time bin at which the ith scatterer locates; τ l = l f s and α l,i are its time delay and 50318 VOLUME 7, 2019 complex amplitude, respectively; f i = v R λ sin φ i and ϑ i = d λ sin φ i are its Doppler frequency and spatial frequency, respectively, where d denotes the inter-channel spacing. The resulting baseband signal is then passed through a matched filter, which is performed separately on each equivalent pulse by exploiting the reference signal. The matched filter output for ith scatterer at the nth channel can be shown by [11] x n,
where * denotes complex conjugation;
In general, the multipath signals received by the reference antenna have far less power than the direct path signal, i.e., α p 1, p = 1, 2, . . . , N T . To provide the clear analyses on the multipath signals involved in the reference signal, the scenario where r m (t − τ ) = 1 for t = τ is the chief consideration in this paper. For the case that t = τ , the impact of random range sidelobes has been discussed and suppression method has been proposed. Interested readers can refer to [22] . Therefore, it can be found from (3) that the ith scatterer response can be classified into two parts. The first part is the matched filter output of the echo signal s n,i (t) with direct path signal, and the sample of the output vector at range gate (l − l d ) = (τ l − τ d ) f s for the mth equivalent pulse is given by [11] 
where the Doppler frequency
The second part is the matched filter output of the signal s n,i (t) with the pth multipath signal, and the sample of the output vector at range gate l − l p = τ l − τ p f s for the mth equivalent pulse is given by
where
B. SNAPSHOT MODEL
After matched filtering for the radar returns from M equivalent pulses and N receiver channels, the received data set for one CPI comprises LMN complex baseband samples. The L × M × N data cube is shown in Fig.2 . It is convenient to stack each range cell data matrix column-wise to form the MN × 1 vector, termed a space-time snapshot [13] .
The radar target detection model is always described as a binary hypothesis testing. Hypothesis H 1 and hypothesis H 0 correspond to target presence and target absence, which can be shown as follows
where χ i is composed of clutter and noise;χ t is the target snapshot. The clutter component consists of two parts, i.e., the DP clutter and the MP clutter. After the scatterer echoes with time delay τ l+l d passed through the range correlation with direct path signal, the assembled space-time snapshot of DP clutter at range gate l can be represented as
where N c denotes the number of independent clutter patches; v d,i , ϑ i is the MN ×1 space-time steering vector; ⊗ represents the Kronecker product. The N × 1 space steering vector v s (ϑ) and the M × 1 time steering vector v t ( ) are given by
where (·) T denotes the transposition operation. Correspondingly, after the scatterer echoes with time delay τ l+l p , p = 1, . . . , N T passed through the range correlation with multipath signals, the assembled space-time snapshot of MP clutter at range gate l can be represented as
Thus the received space-time snapshot of the clutter-plusnoise at range gate l can be expressed as
where the noise vector χ n is assumed to be Gaussian, spatially and temporally white. These three components are assumed to be mutually uncorrelated.
C. PROBLEM STATEMENT
Derived from the minimum noise variance principle, the optimal STAP weight vector is obtained as [13] 
is the space-time vector of the hypothetic target; t and ϑ t are its Doppler frequency and spatial frequency, respectively. The space-time covariance matrix R χ is given by
where (·) H and E {·} denote conjugate transportation operation and expected value operation, respectively; R d , R p and R n are the conventional DP clutter, the pth MP clutter and noise covariance matrix respectively. In practice, R χ is usually estimated by K ≥ 2MN IID training samples around the range gate under test, i.e.,
The above analyses show that, unlike the case of a pure reference signal, the presence of MP clutter due to the multipaths involved in the reference signal significantly affects the background interference. However, DP clutter and MP clutter are suppressed simultaneously in SM, which requires more degrees of freedom than cancelling DP clutter alone. What's worse, when the MP clutter and the target under detection have the same Doppler frequencies and spatial frequencies, SM will mistake the target as clutter, leading to the so-called target self-nulling phenomenon. Therefore, it is important to develop the MP clutter suppression method prior to STAP.
III. PROPOSED CASCADED SUPPRESSION METHOD A. SPARSE MEASUREMENT MODEL OF MP CLUTTER
In this section, we derive the measurement model of MP clutter and analyze the sparsity of MP clutter in range-Doppler domain. First, let us propose a signal model of the pth MP clutter as follows.
where represents the Hadamard product; transformed space-time steering vector γ p = 1 N ×1 ⊗v t p − d ; 1 B×C is the B × C matrix of which all elements are 1. By exploiting (14) can be rewritten as
where α p χ dc,l+(l p +lp2l d) γp denotes thepth MP clutter snapshot at range gate l + l p − l d . Since the noise power after matched filtering is far less than the power of χ pc,l , the subnoise term, described by the second term of the second equation in (15) , can be neglected in the following processing. Thus, (15) can be rewritten as
where the transformed space-time steering vector γ p,p = γp γ p . As α p 1 and α p 1, the sub-MP clutter signals, described by the third term of the second equation in (16) , are negligibly weaker than the received MP clutter snapshot at range gate l. Thus, it is reasonable to ignore the influence of sub-MP clutter on the χ pc,l estimation and its suppression. In this case, we can get
Then the space-time snapshot of the total MP clutter can be expressed as
It is noted that χ pc,l is related to two factors. The first factor is the received space-time snapshots after range gate l, i.e., χ l+(l p −l d) and χ l+(l p +lp2l d) . The second factor is the transformed space-time steering vectors γ p and γ p , which are the function of the Doppler frequency. We call χ l+(l p −l d) γ p in (18) is a modified snapshot at range gate l + l p − l d , and α p is its coefficient. Supposing MP clutter can be represented by D received space-time snapshots, (18) can be rewritten as (19) 50320 VOLUME 7, 2019 where N i represents the number of modified snapshots at range gate l + i; χ l+i γ i,k is the kth modified snapshot at range gate l + i and β i,k is its coefficient.
To obtain the measurement model of MP clutter snapshot, the Doppler frequency plane is discretized into M t > M grids. And such model can be expressed as
where weight vector w = w 1 , w 2 , . . .
range-Doppler dictionary matrix S l is given by
where the qth transformed space-time matrix 
In general, the difference in Doppler shift between the direct path signal and almost all the multipath signals is of the order of a few milli-Hertz [26] . This means that these multipath signals have nearly the same Doppler frequency as the direct path signal. Consequently, most of the multipath signals have no influence on STAP performance. On the other hand, some multipath signals, which are the returns from the scatterers with a moving velocity or a height, may have different Doppler frequencies from the direct path signal. In this paper, only these multipath signals with different Doppler frequencies from direct path signal are considered. Since the beam width is always narrow to ensure the pure reference signal, it happens quite often that the number of multipath signals is very small. Additionally, only for the strong multipath signals (when α p and α p are large enough), the second term in (18) affects the estimation of MP clutter. As a result, the number of the nonzero elements in w, which correspond to β i,k , i = 1, . . . , D, k = 1, . . . , N i , is usually much smaller than the dimension of dictionary. It indicates that weight vector w is sparse in the range-Doppler plane, and its sparsity degree is DN i .
When the number of modified snapshots is large N i > M , i = 1, . . . , D, which is an extreme case, the sparsity of weight vector w is analyzed as follows.
Let us denote V l+i = γ 1 , γ 2 , . . . , γ N i , then the covariance matrix ofχ l+i in (19) is given by
where l+i is a diagonal matrix of the power from N i modified snapshots, and¯ l+i = diag χ l+i . Because l+i is positive definite, rank Rχ ,l+i = rank ¯ l+i V l+i and only¯ l+1 V l+i needs to be considered. Since none element in snapshot χ l+i is zero, rank ¯ l+1 = MN . Additionally, as
In this case, theχ l+i in (19) can be expressed using a group of modified snapshots χ l+i γ i,k M k=1 [27] , which is given bȳ
where β i,k (k = 1, 2, . . . , M ) represents the coefficients of the χ l+i γ i,k . When the range-Doppler dictionary matrix S l includes a group of modified snapshots
, the snapshot of the MP clutter can also be reformulated to the same form as (20) . In this case, the Doppler frequency plane is discretized into M t M grids. Consequently, the dimension of dictionary S l is greater than that of the nonzero elements in w, implying the sparsity of the weight vector. The weight sparsity equals DM.
B. PROPOSED CASCADED SUPPRESSION METHODE
In this section, we derive the proposed CM. In particular, the cost function with a sparse constraint is first introduced. Then, the weight vector is derived to suppress MP clutter via the l 1 -based RLS algorithm. Finally, the DP clutter suppression is achieved by the existing STAP algorithm.
Firstly, based on the sparse measurement model in (20) , the weight vector can be obtained by solving the following optimization problem
where κ is a constraint parameter, which provides a tradeoff between the sparsity and the estimation error. A larger value of κ implies that more components are shrunk to zero. The training snapshots are usually assumed to be targetfree [12] , [13] , i.e., χ l = χ dc,l + N T p=1 χ pc,l + χ n . This yields the results
where Re {·} denotes the real part of the argument. We assume that returns from different clutter patches are uncorrelated [13] , and we get E χ dc,l + χ n
where S n = S D,n ϕ 1 , . . . , S D,n ϕ M t ; S D,n = χ n ⊗ 1 1×D and 1 B×F is the B × F matrix of which all elements are 1.
where n =diag χ n and diag (·) denotes the diagonal matrix. (26) can be expressed as
where σ 2 is the noise power per element. Therefore, (25) can be rewritten as
where ψ = σ 2 1 1×MN and C = E χ dc,l + χ n 
Many solving algorithms have been proposed to solve this problem. To get a tradeoff between the convergence rate and the reconstruction quality [28] , l 1 -based recursive least squares (RLS) algorithm is selected in this paper. By computing the gradient of the above equation with respect to weight vector in the kth iteration, we get
where sign (·) is a component-wise function, defined as sign (x) = x |x|, x = 0 0, x = 0 , and r Sχ (k) and R S (k) are given
where ρ is the forgetting factor which provides a trade-off between the tracking capability and estimation error for a non-stationary environment [19] . By equating (31) to zero, the optimal weight vector is given by
Substitute equations (32) and (33) into the above equation and assume that the sign of the weight values changes slowly in a single step [19] , and then we can get
By denoting P (k) = R −1 S (k) and applying the matrix inversion lemma, the P (k) can be expressed by the following recursive equation
I where δ is a small positive constant and I is an identity matrix. Then substituting equations (35) and (36) into equation (34), the weight vector can be updated as
where e (k) = χ k − S k w (k − 1) is the prediction error at time k. The last term of the above equation imposes an attraction to zero for small weight coefficient, thereby accelerating the convergence of zeros coefficients and ensuring the sparsity of the solution [25] . Based on the above derivation, the weight vector w for MP clutter suppression can be obtained. Then the proposed signal processing schemes can be segregated into the following twostep clutter cancellation process.
First, the MP clutter is suppressed by applying the derived weight vector. The output signal in the first step of clutter suppression can be expressed by
After that, the existing STAP algorithm is used for the DP clutter suppression. Supposing that the computed adaptive weight vector is w y , then the scalar output of the proposed cascaded suppression method can be calculated by
The overall procedure of the proposed CM is summarized in Table 1 .
IV. SIMULATIONS AND PERFORMANCE ANALYSES
In this section, we assess the clutter suppression performance of the proposed CM by using simulated radar data. The following signal to interference plus noise ratio (SINR) loss and the clutter power spectrum are used as the metrics for comparison between different methods.
where R s is the covariance matrix and w s is the weight vector of STAP algorithm. In the following simulations, a ground-based digital video broadcasting transmitter is used as the transmitter in airborne passive radar system, where the random signal is utilized as an approximate model for the transmitted signal [11] . The simulation parameters are listed in Table 2 . In the reference signal, we consider there are three multipath signals. Their relative (relative to the time bin of the direct path signal) time bins are 2, 3 and 5, respectively, and corresponding normalized Doppler frequencies are 0.4, 0.3 and 0.2, respectively. The normalized Doppler frequency of direct path signal is 0.5, the direct path signal to noise ratio is set to 70 dB and the multipath signal to direct path signal ratio (MDR) is set to −26dB. We set δ = 0.01, σ 2 = 1. Zero vectors are used to initial the MP clutter suppression weight vector. All presented results are averaged over 100 independent Monte Carlo runs.
A. SELECTION OF THE PARAMETER MT
The SINR loss of the proposed method against the value of M t is examined. The result is shown in Fig.3 . It is found that the SINR loss performance would degrade if the value of M t is too small, and that the satisfactory SINR loss performance can be achieved when M t ≥ 11. However, as the value of M t increases more discretizing Doppler frequency bins are used. Consequently, the range-Doppler frequency dimension is larger and, in turn, the computational complexity is higher. Therefore, the parameter M t is selected by considering the tradeoff between the computational complexity and the SINR loss performance. Based on the simulation result, we take M t as 11 in the following simulation. 
B. SELECTION OF THE PARAMETER D
In the second experiment, we examine the SINR loss performance of the proposed method against the value of D. The simulation result is shown in Fig. 4 . We can see from VOLUME 7, 2019 Fig . 4 that the MP clutter can be approximately estimated when D ≥ 5. In this case, effect of the MP clutter on SINR loss performance can be eliminated. However, the larger the dimension of the range-Doppler dictionary is, the higher the computational complexity is. Therefore, the parameter D should be determined to get a tradeoff between the computational complexity and the SINR loss performance. Based on the simulation result, we set D = 5 in the following simulation. 
C. EFFECT OF CONSTRAINT PARAMETER
The SINR loss of the proposed method is examined against the training samples with different values of constraint parameter. Results are shown in Fig.5 . The value of constraint parameter κ is set to κ=50, 70, 90 and 110, respectively. As shown in Fig.5 , the SINR loss performance would degrade when the value of κ is too small or too large. This phenomenon can be explained as follows: for a too small value, the sparse constraint makes little contribution and it has nearly the same performance as the traditional RLS algorithm. On the other hand, the adaptive weight vector will be shrunk to zero when κ is too large, thereby degrading the MP clutter suppression performance and resulting in a worse SINR loss performance. Based on the simulation results, the constraint parameter is set to about 70 in the following simulations.
D. EFFECT OF FORGETTING FACTOR
In the fourth experiment, we evaluate the SINR loss performance of the proposed method versus training snapshots with different forgetting factors. The value of ρ is set to 0.9, 0.93, 0.95, 0.99, respectively. Simulation results are shown in Fig.6 . It can be seen that the SINR loss performance would degrade if ρ is set to a small value; As parameter ρ increases, more information from past input data are used for weight vector estimation, estimation error is reduced and in turn the convergence rate is slower. Therefore, the suitable ρ is selected by considering the trade-off between the convergence speed and the SINR loss performance. It is observed from Fig.6 that performance and convergence rate are both satisfactory when ρ=0.95.
E. COMPARISON WITH EXISTING METHODS
In the fifth experiment, the performance of the proposed CM is compared with that obtained from SM. Here, we consider three STAP algorithms, which are JDL, ST and SR-STAP, respectively. For the proposed CM, these three STAP algorithms are used to cancel DP clutter after the proposed MP clutter suppression method. We call these three CMs are CM using JDL, CM using ST and CM using SR-STAP, respectively. For SM, these three STAP algorithms are used to simultaneously suppress DP clutter and MP clutter, and we call these three SMs are SM using JDL, SM using ST and SM using SR-STAP, respectively. For CMs, the number of training snapshots used to estimate the MP clutter suppression weight vector is 80. Fig. 7(a)-(b) show the clutter power spectrums of SM using JDL and CM using JDL. For these two methods, the numbers of beamers and Doppler channels are both 3. The number of training snapshots used to estimate STAP weight vector is 25. It is seen from Fig. 7 that the clutter spectrum distribution of SM shows signals at the positions parallel to a DP clutter ridge, which correspond to the MP clutter at the detection range gate. On the other hand, the clutter power spectrum of CM using JDL expands slightly, but distributes along the DP clutter ridge completely. This confirms the effect of MP clutter on the space-time spectrum and the effectiveness of the proposed MP clutter suppression method.
The clutter power spectrums estimated by SM using ST and CM using ST algorithms are shown in Fig. 8 . The number of training snapshot used to estimate STAP weight vector is 80. Similar to Fig. 7 , the clutter spectrum of SM using ST shows obvious expansion compared with the CM using ST. It owes to the presence of multipaths in the reference signal which affects the background interference, leading to a high pedestal in the position of MP clutter. Fig. 9 (a)-(b) show the clutter power spectrums of the SM using SR-STAP and CM using SR-STAP. The whole spatiotemporal plane is discretized, and the numbers of grid points along the spatial and temporal axes are both 101. The number of training snapshots used to estimate STAP weight vector is 20. It is found that the proposed MP clutter suppression method can eliminate its influence effectively prior to STAP and obtain the accurate DP clutter distribution. Fig.10 gives the SINR loss performances versus the Doppler frequency of the above six methods. The potential Doppler frequencies span from -200 to 200 Hz. We can see from Fig.10 that all SMs have nulls in the positions of the MP clutter and DP clutter. Specially, in MP clutter area, the nulls of SM using JDL, SM using ST and SM using SR-STAP are about 7.3dB, 6.8dB and 6.6dB deeper than those of CM using JDL, SM using ST and SM using SR-STAP, respectively. It means that SMs can simultaneously suppress DP clutter and MP clutter, which leads to target self-nulling phenomenon. On the other hand, all CMs have nulls in and only in the position of the DP clutter. Specially, in DP clutter area, the CMs have the same nulls as the SMs. It indicates that CMs can obtain the same DP clutter suppression performance as SMs. It also means that the effect of MP clutter is effectively eliminated prior to STAP. Hence, the proposed CMs can completely overcome the target self-nulling phenomenon. Next, the target detection results along range gates are analyzed and results are shown in Fig.11 . Snapshots from the 335th to 365th range gates are filtered by each algorithm. The target is located at the 351th range gate with a relative (relative to the Doppler frequency of direct path signal) Doppler frequency of -120Hz. As depicted in Fig.11 , the SMs no longer perform properly. This phenomenon can be explained as follows: for SM using JDL and SM using SR-STAP, the estimated covariance matrix contaminated by the MP clutter covariance matrix. When the target under detection has the same Doppler frequency as MP clutter, such target will be suppressed by these algorithms as well, leading to an undesired target detection result. In addition, the estimated clutter subspace, obtained by ST method, can never be pure DP clutter subspace due to the presence of MP clutter. Thus, the target that falls within the MP clutter regions is also nulled. In contrast, the CM using JDL, CM using ST and CM using SR-STAP can offer satisfactory detection performance, which verifies that the proposed MP clutter suppression method can eliminate the effect on the target detection performance of multipath involved in the reference signal. Therefore, the proposed CMs have a better performance in target detection than existing STAP methods.
In the sixth experiment, we validated the effectiveness of the proposed CM in different MDR cases. Specially, the performance of CM using SR-STAP is compared with that of SM using SR-STAP, and two MDR scenarios are considered, i.e., MDR = −20 dB and MDR = −30dB. Other simulation parameters are the same as the third experiment. For these two scenarios, the clutter power spectrums estimated by CM using SR-STAP and CM using SR-STAP are shown in Fig.12 (a)-(d) , respectively. It is found that since no MP clutter suppression techniques are used in the SM, the clutter power corresponding to the MP clutter varies with MDR. And the larger the MDR is, the higher such clutter power is. On the other hand, it can be seen that the proposed method can eliminate the MP clutter in both scenarios. This also verifies that neglecting sub-MP clutter signal and sub-noise, even in the relative high-MDR scenario, is reasonable in the proposed MP clutter measurement model.
The SINR loss performances and target detection results are shown in Fig.13 . Specially, Fig.13 (a) gives the SINR loss performances of different algorithms under two cases. It is evident that as the MDR becomes larger nulls in the position of MP clutter are deeper for the SR-STAP method. Whereas the proposed algorithm still provides satisfactory performance in both scenarios. In Fig.13 (b) , the corresponding range detection results are depicted. Snapshots from 335th to 365th range gates are filtered by each algorithm. Similar to Fig.13 (a) , the SR-STAP method no longer performs properly when the MDR is high, and the proposed method does not suffer from obvious performance loss in both scenarios.
To make a quantitative comparison among six methods, we summarize the SINR loss value at the Doppler frequency of target. MDR is set to −15dB, −20dB, −30dB, −40dB and −45dB respectively, and other simulation parameters are the same as the previous experiment. Results are shown in Table 3 . It is clear that as MDR increases, the existing STAP algorithms suffer from more performance losses, whereas the proposed CMs can obtain desirable performances in different cases. performance loss. It can be concluded that the proposed CM is much more robust to the MDRs and number of multipath signals.
V. CONCLUSION
This paper examines the problem of a contaminated reference signal in airborne passive radar system. Analysis shows that, MP clutter and DP clutter become the two major concerns in background interference. The presence of MP clutter imposes a significant impact on the target detection performance. To cope with this problem, a novel cascaded suppression method is proposed. This method derives iteratively weighting vector to suppress MP clutter, and uses existing STAP algorithms for further DP clutter cancellation. Compared with the existing STAP algorithms, the proposed CM can eliminate the MP clutter prior to STAP and avoid target selfnulling phenomenon. Theoretical derivations and simulations confirm the effectiveness of the proposed method.
However, the proposed cascaded suppression method has some limitations. When the direct path signal and multipath signals in the reference channel have the same Doppler frequency, the acceptable target detection can be obtained by the STAP algorithm, and the proposed cascaded suppression method is not required for this case. Moreover, if the Doppler frequency interval used for dictionary matrix construction is incorrect, caused by the inaccurate prior knowledge, the proposed cascaded suppression method may work weakly. In addition, the off-grid problem, i.e., the MP clutter is just not located at the discretizing Doppler frequency position, is not taken into account. The relevant researches will be shown in our future work.
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